Code and relevant data are available at <https://github.com/uhlerlab/imageaeot>.

Introduction {#sec001}
============

Background {#sec002}
----------

Lineage tracing during differentiation, development and disease progression is critical for studying the underlying biological mechanisms. Experimental strategies for lineage tracing include following cells over time using imaging or sequencing techniques after labelling them with synthetic or genetic markers \[[@pcbi.1007828.ref001]--[@pcbi.1007828.ref003]\]. However, many single-cell experimental methodologies are destructive to samples and thus only provide snapshots of these cellular processes in time and from different cells. This calls for computational approaches to lineage tracing that generate pseudo-lineages of cells based on single-cell datasets collected across different time points.

Related work {#sec003}
------------

A large number of strategies have been proposed in recent years for reconstructing pseudo-lineages of cells from single-cell transcriptomics data. These strategies (including Monocle \[[@pcbi.1007828.ref004]\], Monocle2 \[[@pcbi.1007828.ref005]\], SLICE \[[@pcbi.1007828.ref006]\], Waterfall \[[@pcbi.1007828.ref007]\], TSCAN \[[@pcbi.1007828.ref008]\], SCUBA \[[@pcbi.1007828.ref009]\], Wanderlust \[[@pcbi.1007828.ref010]\], Wishbone \[[@pcbi.1007828.ref011]\], PAGA \[[@pcbi.1007828.ref012]\], PBA \[[@pcbi.1007828.ref013]\] and others) generally combine techniques such as Principle Component Analysis (PCA), Independent Component Analysis (ICA), or t-Distributed Stochastic Neighbor Embedding (t-SNE) to project the data to a low-dimensional feature space with cluster-based, graph-based and/or curve-fitting methods for building the cell lineages. Overall, these strategies tend to make strong assumptions about the nature of the biological process (such as limited number of trajectories or branching points) and do not explicitly use time point information. Recently, Waddington-OT proposed to combine dimensionality-reduction with optimal transport to reconstruct pseudo-lineages from time-labeled gene expression data \[[@pcbi.1007828.ref014]\]. Unlike many previous methods, optimal transport does not make strong assumptions about the number of trajectories or branching points; instead it requires knowledge of discrete time labels in order to learn probabilistic couplings between cells that are sequential in time. Assuming that the time resolution of the data is high enough to capture sufficient representative cells from all of the transitional states, Waddington-OT presents a flexible and principled framework for reconstructing probabilistic pseudo-lineages of cells.

A key limitation of existing strategies for lineage tracing, including Waddington-OT, is that they rely on standard techniques such as PCA, ICA, or t-SNE to reduce the dimensionality of the data and generate a low-dimensional feature space in which to measure cell similarity \[[@pcbi.1007828.ref004]--[@pcbi.1007828.ref009]\]. Methods that use linear features given by PCA or ICA crucially rely on the assumption that linear distances between data samples in the measurement space accurately reflect cell similarity. However, this assumption is unrealistic in particular in high-dimensional measurement spaces, in which the data distribution may be supported on a complex low-dimensional manifold. Other dimensionality-reduction methods such as t-SNE are non-linear but irreversible and do not enable interpretation of the feature space. Strategies that use nearest-neighbor distances other than Euclidean distances to measure cell similarity aim to take the data manifold into account \[[@pcbi.1007828.ref010]--[@pcbi.1007828.ref013]\]. However, these distances are still susceptible in high-dimensional spaces, and more crucially, directions and trajectories along the cell manifold are not easily interpreted with respect to the original measurement space. With the advent of many new technologies for collecting various types of high-dimensional single-cell data, there is a growing need for computational strategies that learn interpretable feature spaces that capture meaningful semantic relationships between cells, using one or even multiple single-cell modalities. Advances in machine learning in the past decade have prompted new computational methods for learning from high-dimensional data such as images \[[@pcbi.1007828.ref015]--[@pcbi.1007828.ref017]\], but these are primarily aimed at the classification of cells and tissues \[[@pcbi.1007828.ref018]--[@pcbi.1007828.ref020]\] and also do not offer interpretable features for key downstream tasks such as the computational reconstruction of cellular pseudo-lineages.

Contributions {#sec004}
-------------

In this paper, we present a novel strategy for reconstructing pseudo-lineages from high-dimensional single-cell datasets---ImageAEOT---which builds on Waddington-OT by using an autoencoder to embed single-cell data into an interpretable feature space in order to perform optimal transport. An overview of the method is shown in [Fig 1a](#pcbi.1007828.g001){ref-type="fig"}. First, we embed the datasets into a low-dimensional feature space using an autoencoder \[[@pcbi.1007828.ref021]--[@pcbi.1007828.ref023]\] that is designed to capture semantically meaningful features. Within the feature space, we learn a probabilistic coupling between cells based on the principles of optimal transport theory \[[@pcbi.1007828.ref024]--[@pcbi.1007828.ref027]\] and trace linear trajectories between matched cells. To reconstruct the pseudo-lineages and interpret the functional features and biomarkers that are changing along these trajectories, we decode the cell features back to the original data space. Overall, given a cell measurement from one stage of a biological process, our method can be used to reconstruct a pseudo-lineage of this cell that retains its original characteristics and also captures the population features of earlier and later stages ([Fig 1b](#pcbi.1007828.g001){ref-type="fig"}). To benchmark the accuracy of our approach against existing methods, we introduce a new computational lineage-tracing task: reconstructing pseudo-lineages of cells from single-cell imaging datasets of a fibroblast (NIH3T3) and cancer (MCF7) *in vitro* co-culture system. Finally, we provide qualitative examples over multiple single-cell imaging datasets to show that our model enables the interpretation of functional features and biomarkers underlying a biological process. While the evaluation in this work focuses on single-cell imaging datasets, our method is broadly applicable to other modalities of single-cell data (e.g., genomics and transcriptomics data) as well as multi-modal single-cell datasets (e.g., genomics data combined with imaging data).

![Schematic of ImageAEOT for tracing cell trajectories.\
(A) X represents the manifold of images taken from a population of cells during the biological process of interest. The objective is to trace a trajectory between two single-cell datasets (e.g. blue and red), taken from two distinct time points of interest. First, the images are mapped to a feature space Z using an autoencoder. In the feature space, optimal transport methods are used to trace trajectories from the two single-cell datasets. The arrows indicate probabilistic trajectories predicted by optimal transport. Finally, using the autoencoder, the feature space trajectories are mapped back to the image space, which can be visualized as smooth trajectories from an image from one dataset to its matched image from the other dataset. (B) Illustration of ImageAEOT using nuclear images of MCF7 cells (source population) and NIH3T3 cells (target population). The end points of the predicted trajectories are generated images, i.e. ImageAEOT does not merely interpolate between two given images but rather generate nuclei that have the features of nuclei in the target population, but still resemble the given cell nucleus in the source population.](pcbi.1007828.g001){#pcbi.1007828.g001}

Methods {#sec005}
=======

Model {#sec006}
-----

### Statement of problem {#sec007}

Given two single-cell datasets (e.g., collected at two time points), lineage tracing can be formulated as the problem of finding a probabilistic coupling between the two datasets that indicates the probability that each pair of cells belongs to the same lineage \[[@pcbi.1007828.ref014]\]. Even though the two single-cell datasets may not actually contain any common lineages, since in practice they may be collected from different cell samples, the idea is to match cells from one dataset with cells from the other dataset that are representative of their ancestors or descendants. This process can be repeated for multiple input single-cell datasets to reconstruct pseudo-lineages over many time points. Concretely, given *M* and *N* cell samples from the two datasets respectively, we seek an *M* × *N* probability matrix *P* = (*p*~*ij*~) satisfying ∑~*k*~ *p*~*ik*~ = 1 for all *i* ∈ \[*M*\], where we used the conventional notation \[*M*\] = {1, ..., *M*}. Here, the matrix entry *p*~*ij*~ represents the probability that cell *i* from the first dataset belongs to the same lineage as cell *j* from the second dataset.

### Proposed approach {#sec008}

The above problem can be formulated as a discrete optimal transport problem \[[@pcbi.1007828.ref014]\] and solved using matrix scaling algorithms for optimal transport \[[@pcbi.1007828.ref027]\]. Optimal transport (OT) is a framework for comparing two distributions by finding a way to "push" or re-distribute one distribution to the other while incurring minimal transport cost. Formally, given the vectors *a* = **1**~**M**~/*M* and *b* = **1**~**N**~/*N* representing uniform discrete probability distributions over the *M* and *N* samples from the two respective datasets, Kantorovich OT seeks an *M* × *N* matrix $\widetilde{P} = \left( {\widetilde{p}}_{ij} \right)$ minimizing $$\begin{array}{r}
{\min\limits_{\widetilde{P}}\sum\limits_{i,j}c\left( i,j \right){\widetilde{p}}_{ij}} \\
\end{array}$$ subject to $\widetilde{P}1_{\mathbf{N}} = a$ and ${\widetilde{P}}^{T}1_{\mathbf{M}} = b$, where *c*(*i*, *j*) denotes the cost of matching cell *i* from the first dataset to cell *j* from the second dataset. For moderate-sized datasets, this matrix can be solved for efficiently using the Sinkhorn algorithm for regularized OT \[[@pcbi.1007828.ref027]\]. An appropriate scaling of $\widetilde{P}$ (by *M* if reconstructing lineages forwards in time, and by *N* if reconstructing backwards in time) then yields the desired probability matrix *P* given in the problem statement.

The solution to [Eq (1)](#pcbi.1007828.e002){ref-type="disp-formula"} depends heavily on the cost function *c* for matching samples from the two datasets. For single-cell gene expression datasets, Euclidean distance between samples *i* ∈ \[*M*\] and *j* ∈ \[*N*\], either measured in the original gene expression space or in a feature space obtained by PCA, has been used as the cost *c*(*i*, *j*) \[[@pcbi.1007828.ref014]\]. The accuracy of the pseudo-lineages constructed using this cost function relies on the crucial assumption that straight-line distances between data samples accurately reflect lineal relationships between cells. However, when working with extremely high-dimensional single-cell data, it is unlikely that this cost function is appropriate.

Instead of using linear distance between cells as a measure of cell similarity, we propose using a cost function that is *directly learned from the data using an autoencoder*. Specifically, let **X** = (*X*^(1)^, *X*^(2)^) be the combined datasets of samples from the measurement space $\mathcal{X}$ and let $\mathcal{Z} = \mathbb{R}^{d}$ be a lower-dimensional feature space. In practice, we used *d* = 128 throughout this work. In addition, while in this work $\mathcal{X}$ represents single-cell imaging data, it can represent the measurement space of any single-cell data modality or combinations thereof. The feature space $\mathcal{Z}$ is learned by jointly training an *encoder function* $\left. E:\mathcal{X}\rightarrow\mathcal{Z} \right.$ and a *decoder function* $\left. D:\mathcal{Z}\rightarrow\mathcal{X} \right.$, both parameterized using neural networks, to minimize the loss function $$\begin{array}{r}
{\min\limits_{E,D}\mathbb{E}_{x \sim \mathbf{X}}\left| \middle| D\left( E\left( x \right) \right) \right. - \left. x \middle| \right|_{2}^{2} + \ell\left( \mathbf{X};E,D \right),} \\
\end{array}$$ where the first term is the standard dataset reconstruction error for autoencoders and the second term represents an additional loss function or regularization of the loss function (discussed in Eqs [(3)](#pcbi.1007828.e018){ref-type="disp-formula"} and [(4)](#pcbi.1007828.e019){ref-type="disp-formula"} below). Once the encoder and decoder functions are learned, we compute a probabilistic matching between the two single-cell datasets *X*^(1)^ and *X*^(2)^ using optimal transport as described above using the cost function $c\left( i,j \right) = \left| \middle| E \right.\left( X_{i}^{(1)} \right) - E\left( X_{j}^{(2)} \right){||}$, i.e., the linear distance between cells in the feature space learned by the autoencoder. Equivalently, this strategy can be thought of as first embedding the data into the feature space using the encoder, performing optimal transport in the feature space, and then mapping back to the measurement space using the decoder.

This approach has two key advantages as compared to existing methods such as Waddington-OT \[[@pcbi.1007828.ref014]\]. First, the linear distance between cells in the feature space translates to a non-linear distance in the measurement space that may better reflect semantic relationships between cells. Second, the decoder function enables the interpretation of the functional features and biomarkers associated with the pseudo-lineages, namely by decoding these from the feature space back to the measurement space. In particular, we propose to facilitate model interpretation by *interpolating* the predicted pseudo-lineages and decoding them to the measurement space by computing the following function $$\begin{array}{r}
{T_{z,\widetilde{z}}\left( t \right) = D\left( \left( 1 - t \right)*z + t*\widetilde{z} \right),} \\
\end{array}$$ where *D* is the learned decoder function, $z,\widetilde{z}$ are the matched cells to be interpolated in the feature space and *t* ∈ \[0, 1\] is a fractional value that represents a point along the straight-line path between *z* and $\widetilde{z}$. The main purpose of the interpolation and decoding is to provide qualitative understanding and validation of distances in the feature space. Additionally, when the measured datasets are close enough in time (such that intermediate time points would fall on a line in the feature space), the interpolated pseudo-lineages can also be interpreted as a prediction of intermediate stages between these time points.

As described in [Eq (2)](#pcbi.1007828.e012){ref-type="disp-formula"}, the feature space and generative quality of the autoencoder can be improved by adding terms other than the reconstruction loss to the loss function. For example when studying differentiation, cell type data may be available for later time points and the objective may be to reconstruct pseudo-lineages to predict the cell fate decisions made by cells from earlier time points. The feature space in such problems should ideally capture the differences between cell types in later time points. In such problems, we propose to add a weighted classification term to the standard reconstruction loss: Given a vector of class labels $\mathbf{Y} \in \mathcal{Y}$ with the same cell index as **X** (which may contain empty entries if the cell type is not available), and a classifier function *f*, the optimization problem then becomes $$\begin{array}{r}
{\min\limits_{E,D}\mathbb{E}_{x \sim \mathbf{X}}\left| \middle| D\left( E\left( x \right) \right) \right. - \left. x \middle| \right|_{2}^{2} - \lambda\mathbb{E}_{(x,y) \sim (\mathbf{X},\mathbf{Y})}\sum\limits_{\widetilde{y} \in \mathcal{Y}}1_{y = \widetilde{y}}\text{log}\mspace{360mu} f_{\widetilde{y}}\left( E\left( x \right) \right),} \\
\end{array}$$ where λ \> 0 is a hyperparameter. In addition, to improve the quality of the generated images of the autoencoder (e.g., for interpretability of pseudo-lineages), we propose to augment the loss function by a regularizator, a key ingredient of current generative autoencoder models (e.g., variational autoencoders \[[@pcbi.1007828.ref023]\], adversarial autoencoders \[[@pcbi.1007828.ref028]\], Wasserstein autoencoders \[[@pcbi.1007828.ref029]\], etc.). The intuition behind such regularization terms is to force the data distribution in the feature space to be more similar to an isotropic Gaussian distribution. As proof-of-concept, we implemented variational autoencoders in this work, but we emphasize that any other generative autoencoder model could be used. In particular, we used a probabilistic rather than deterministic encoder *E* and added a KL-divergence term *D*~*KL*~ to the autoencoder loss function, namely $$\begin{array}{r}
{\min\limits_{E,D}\mathbb{E}_{x \sim \mathbf{X}}\left| \middle| D\left( E\left( x \right) \right) \right. - \left. x \middle| \right|_{2}^{2} + \lambda D_{KL}\left( p_{E}\left( \cdot \middle| x \right) \middle| p_{g}\left( \cdot \right) \right),} \\
\end{array}$$ where λ \> 0 is a hyperparameter, *p*~*g*~(⋅) is an isotropic Gaussian distribution and *p*~*E*~(⋅\|*x*) is the feature distribution of sample *x* under the probabilistic encoder *E*. While our method can be applied to arbitrary modalities of single-cell data (e.g., genomics or transcriptomics data) as well as multi-modal single-cell datasets (e.g., genomics data combined with imaging data), the evaluation in this work focuses on single-cell imaging datasets. As a result, we chose a convolutional architecture for our neural network as shown in [S2 Fig](#pcbi.1007828.s002){ref-type="supplementary-material"}.

### Implementation {#sec009}

Neural network models were implemented in Python using the Pytorch library \[[@pcbi.1007828.ref047]\] and trained on an NVIDIA GeForce GTX 1080TI graphics card. The architecture of the VAE model in the ImageAEOT is shown in [S2 Fig](#pcbi.1007828.s002){ref-type="supplementary-material"}. Hyperparameter values of 0, 1e-6, 1e-7, 1e-8 were used in the objective. This model was trained using the Adam optimizer, a popular variant of stochastic gradient descent \[[@pcbi.1007828.ref048]\], with learning rate initialized at 1e-4, and batch sizes of 64 images. For classification tasks in the latent space, we implemented either a linear network or a feedforward network with ReLU activations and two hidden layers. The models were trained using the Adam optimizer with learning rate initialized at 1e-3. The VoxNet model architecture \[[@pcbi.1007828.ref049]\] used for classifying whole images is shown in [S2 Fig](#pcbi.1007828.s002){ref-type="supplementary-material"}. For performing latent discriminant analysis in our pipeline, we used the Python scikit-learn library \[[@pcbi.1007828.ref046]\]. For the feature ablation studies, feature extraction was done using the Python mahotas library \[[@pcbi.1007828.ref034]\], and the logistic regression model was implemented using scikit-learn \[[@pcbi.1007828.ref046]\].

Cell-culture experiments {#sec010}
------------------------

### Reagents used {#sec011}

NIH3T3 (CRL-1658), BJ (CRL-2522), MCF10A (CRL-10317), MCF7 (HTB22) and MDA-MB-231 (HTB-26) cells were obtained from ATCC. They were cultured in DMEM-high glucose (ThermoFisher Scientific 11965092) media supplemented with 10%FBS (ThermoFisher Scientific 16000044) and 1% pen-strep (Sigma P4333) antibiotic. Antibodies used: EpCAM (Cell Signaling Technology, 2929S) and Vimentin (Cell Signaling Technology, 5741S). Other reagents: Breast tissue sections within normal limits (CS708873, Origene), metastatic breast adenocarcinoma tissue sections (CS548359, Origene), Histozyme (H3292-15ML, Sigma), ProLong^®^ Gold Antifade Mountant with DAPI (P36941, ThermoFischer Scientific), Paraformaldehyde PFA (Sigma, 252549-500ml), Triton (Sigma, X100-100ml) and DAPI solution (ThermoFisher Scientific R37606) and IF wash buffer (for 250ml: 125mg NaN3 + 500*μ*l Triton X-100 + 500*μ*l Tween-20 in 1X PBS).

### Micro-contact printing {#sec012}

Fibronectin micropatterning was performed as described by Makhija et al \[[@pcbi.1007828.ref050]\]. Briefly, circular fibronectin (Sigma F1141-2MG) micropatterns (area = 1800*μ*m2) were made on uncoated Ibidi dishes (81151). These micropatterned dishes were then passivated with 0.2% pluronic acid (Sigma P2443) for 10 minutes and washed with PBS.

### Co-culture experiment {#sec013}

Cell culture and experiments were all performed at 37°C, 5% CO2 and humid conditions. MCF7 cells were seeded previous day (Day -1) on 1800 *μ*m2 circular fibronectin micropatterns. After 24 hours, MCF7 clusters (cluster of 10 cells) were obtained. Collagen gel (1mg/ml) was prepared as per the manufacturer's instructions along with DMEM media. MCF7 clusters were then scraped off and mixed with 30,000 NIH3T3 fibroblasts in 300*μ*l of collagen gel solution which was then added to an uncoated Ibidi dish. For control conditions, either only MCF7 clusters or 30,000 NIH3T3 cells were added with 300*μ*l of collagen gel solution in each Ibidi dish. The gel was then allowed to solidify at 37°C. After two hours, 500*μ*l of fresh media was added to these samples. Each set of dishes were then fixed on Day1, Day2, Day3 and Day4.

### IF staining {#sec014}

For IF staining, media was aspirated and 4%PFA was added and incubated for 20 minutes. The samples were then washed thrice with PBS + glycine buffer. The gel was treated with 0.5% Triton for 20 minutes to permeabilize the cells followed by washes with the PBS + glycine buffer. The samples were then blocked with 10% goat serum in IF wash buffer (blocking solution) for 2 hours. Primary antibodies in blocking solution were then incubated overnight as per the dilution recommended by the manufacturer. Next day, the samples were washed thrice with IF wash buffer for 5 minutes each. Secondary antibody in blocking solution was then added as per the manufacturer's instruction for 2 hours. Samples were then washed thrice with IF wash buffer for 5 minutes each. DAPI solution was added to the samples and stored temporarily at 4°C until imaged.

### Immunohistochemistry {#sec015}

Formalin-fixed, paraffin-embedded (FFPE) tissue sections (5μm thickness) on slides were deparaffinized by heating them in an oven at 60°C for 5 minutes and subsequently washing them with xylene. The sections were then rehydrated in serially diluted ethanol solutions (100%---50%) as per standard protocols and rinsed with water. Antigen retrieval was performed using Histozyme solution as per the manufacturer's protocol and then rinsed with water. DAPI was then added to these sections and they were covered with a coverslip. The slides were incubated for 24 hours after which the coverslips were sealed and taken for imaging.

### Imaging {#sec016}

Most of the solution in the dish was aspirated before imaging. Around 50*μ*l of the solution was left to prevent drying of the collagen gel. The images were obtained using a Nikon A1R confocal microscope. For co-culture samples, Z-stack images were captured using 40X objective (water, 1.25 NA), 0.3*μm* pixel, Z-depth of 1*μm* and all images were captured for not more than 50*μm* depth. Each image is 1024X1024 pixels in size. For larger field images, 2 × 2 images or 3 × 3 images were obtained and stitched together with 5% overlap. For tissue slices, wide-field images were obtained using an Applied Precision DeltaVision Core microscope with 100X objective (oil, NA 1.4) and a pixel size of 0.2150*μm*. These 512 × 512 12-bit images were deconvolved (enhanced ratio, 10 cycles) and saved in .tiff format.

### Segmentation of nuclei {#sec017}

Images were analyzed using custom codes written in ImageJ2/Fiji \[[@pcbi.1007828.ref051]\]. The raw 3D images labelled for DNA using DAPI, acquired using a laser scanning confocal microscope, were filtered using a Gaussian blur and thresholded using automated global thresholding method such as Moments to binarize and identify nuclear regions. Watershed was used to separate touching nuclear regions. This binary image was then used to identify individual nuclei as 3D objects within a size range of 200-1300*μm*^3^. Each nucleus identified as a separate 3D object was visualized with distinct colors. In order to smoothen any irregular boundaries, a 3D convex hull was carried out and then the individual nuclei were cropped along their bounding rectangles and stored. This was carried out using the functions from Bioformats and the mcib3d library. In order to separate nuclei that were clumped and could not be separated using watershed, the 3D Euclidian distance transform was carried out on these clumps of nuclei followed by a second round of thresholding to remove pixels from the boundaries; then individual nuclei were identified as described earlier. From this set, the blurred out of focus nuclei and the over-exposed nuclei were filtered out and then the selected nuclei were used for further analysis.

Results {#sec018}
=======

Benchmark task for computational lineage tracing {#sec019}
------------------------------------------------

Reconstructed pseudo-lineages are generally challenging to evaluate due to the absence of ground truth lineages. Validation for lineage tracing based on gene expression data has been proposed using genetic tracers \[[@pcbi.1007828.ref030]\]. To evaluate ImageAEOT, we propose a novel benchmark task for computational lineage tracing using single-cell imaging data. The dataset consists of 6479 chromatin images taken over multiple time points of fibroblasts (NIH3T3) and tumor cells (MCF7) embedded in 3D engineered tissues ([Fig 2a](#pcbi.1007828.g002){ref-type="fig"} and [S1 Fig](#pcbi.1007828.s001){ref-type="supplementary-material"}). This mimics their interaction in the tumor microenvironment \[[@pcbi.1007828.ref031]--[@pcbi.1007828.ref033]\]. In addition, we provide ground-truth binary labels for the cell type, obtained by measuring the relative levels of Vimentin (enriched in NIH3T3 cells) and Epcam (enriched in MCF7 cells) via immunofluoresence staining. The benchmark task involves reconstructing pseudo-lineages using the chromatin images from Days 1-4 and cell type labels from Days 1-3 and evaluating these pseudo-lineages to infer the labels of cells from Day 4. We assessed the performance of several methods: (1) optimal transport on original measurements; (2) optimal transport on PCA features; (3) ImageAEOT using a standard autoencoder, and (4) ImageAEOT using an augmented autoencoder ([Fig 2b](#pcbi.1007828.g002){ref-type="fig"}). Methods (1-2) are existing baseline methods based on optimal transport that use linear features \[[@pcbi.1007828.ref014]\], while ImageAEOT (3-4) uses learned features of an autoencoder. For the evaluation metric, we compute the area under the receiver operating characteristic (ROC) curve from the inferred label probabilities. Overall, we found that ImageAEOT outperforms the baselines, demonstrating the quantitative gains of ImageAEOT over applying optimal transport directly to cell measurements or to standard linear features. We performed similar benchmark analysis using cell morphology features \[[@pcbi.1007828.ref034]\] as the labels and also found that our strategy outperforms the baselines ([S11 Fig](#pcbi.1007828.s011){ref-type="supplementary-material"}).

![ImageAEOT applied to lineage tracing of single-cell imaging data from a fibroblast-tumor coculture system.\
(A) Schematic of the fibroblast-tumor coculture experiment. NIH3T3 fibroblasts were cocultured with MCF7 cells for 1 to 4 days. The cells were subsequently fixed, DAPI stained, and imaged. (B) Comparison of ImageAEOT using a standard autoencoder (AE+OT) and an augmented autoencoder (augAE+OT) against Waddington-OT (OT, PCA+OT) on the proposed benchmark task. The evaluation metric shown is the area under the receiver operating characteristic curve (ROC-AUC) of the inferred probabilistic labels (score between 0 and 1, higher is better). ImageAEOT achieves considerable quantitative gains over the baseline. (C) Visualization of NIH3T3 nuclei from Days 1-4 in both the original image space and the feature space using a Linear Discriminant Analysis (LDA) plot. The x-axis and y-axis are respectively the first and second linear discriminants applied to the data. The first two linear discriminants capture the smooth progression of the cells from Day 1 through Day 4. Day 1: black; Day 2: purple; Day 3: red; Day 4: green. (D) Predicted trajectories in the feature space using optimal transport, plotted on the same set of axes as in (C). ImageAEOT was used to trace the trajectories of Day 4 NIH3T3 nuclei back to Day 1 NIH3T3 nuclei. Each black arrow is an example of such a trajectory. (E) Predicted trajectories mapped back to the image space. Note that only the last image in each sequence is a real Day 4 NIH3T3 nucleus. All other images are predicted and generated by ImageAEOT. (F) Interpretation of feature space by perturbing cell features and decoding the results to the image space. The top row shows nuclear images from Day 1 NIH3T3 fibroblasts. The image shown below each top row image is the predicted change in the image if we were to shift it towards the distribution of Day 4 images in the feature space, along the first linear discriminant shown in (C) (blue: decrease in pixel intensity; red: increase in pixel intensity). These results suggest that the elongated nuclei become more elongated (i.e. increase of intensity at the poles) and the more spherical nuclei remain more spherical as the fibroblasts progress from Day 1 to Day 4 during their activation. In addition, fibroblast activation is accompanied by chromatin decondensation as revealed by the decrease in pixel intensities. (G) NIH3T3 nuclei were divided into two sub-populations on Day 4 based on nuclear elongation (L: low eccentricity, H: high eccentricity) and ImageAEOT was used to generate pseudo-lineages of these sub-populations on Days 1-3. The box-plots show the distribution of elongation of the Day 4 cells as well as model predictions on Days 1-3. The model predictions suggest that the elongated sub-population on Day 4 is already detectable on Day 1, i.e., a subset of the Day 1 population is already primed for activation.](pcbi.1007828.g002){#pcbi.1007828.g002}

Application of ImageAEOT to fibroblast activation {#sec020}
-------------------------------------------------

Having shown the quantitative improvements of ImageAEOT features over standard features, we now apply our method towards reconstructing and visualizing pseudo-lineages in various biological systems. Importantly, an advantage of ImageAEOT is that the autoencoder can map cell features back to the measurement space, which facilitates interpretability of the model predictions. First, we apply ImageAEOT towards visualizing the fibroblast pseudo-lineages generated by ImageAEOT using the NIH3T3 images from our benchmark dataset. By Day 4, a subset of fibroblasts are activated and ImageAEOT infers the state of these cells in earlier time points. [Fig 2c](#pcbi.1007828.g002){ref-type="fig"} shows the low-dimensional latent representation of the NIH3T3 nuclear images obtained by the autoencoder. The model was tuned to ensure that images can be encoded and decoded with high fidelity, while also maintaining the geometry of the low-dimensional image manifold in the latent space ([S3 Fig](#pcbi.1007828.s003){ref-type="supplementary-material"}). As a consequence, classifying cell states using deep convolutional neural networks based on their latent representation achieves a comparable level of accuracy as when classifying cells based on the original images ([S4](#pcbi.1007828.s004){ref-type="supplementary-material"} and [S6](#pcbi.1007828.s006){ref-type="supplementary-material"} Figs). We then back-traced NIH3T3 cells from Day 4 to Day 1 in the latent space ([Fig 2d](#pcbi.1007828.g002){ref-type="fig"} and [S12 Fig](#pcbi.1007828.s012){ref-type="supplementary-material"}) and generated the corresponding single-cell image trajectories using ImageAEOT ([Fig 2e](#pcbi.1007828.g002){ref-type="fig"}). Note that only the last image in each sequence is real; the others are generated by decoding averaged pseudo-lineages from the feature space to the measurement space and facilitate the interpretation of the optimal transport model. These examples highlight a key advantage of ImageAEOT---the ability to interpret the model predictions by mapping cell features back to the measurement space. They also provide qualitative validation of the feature space for optimal transport; note that the interpolations between cells in the feature space lie on the cell manifold, which suggests that straight-line distances in the feature space are meaningful for measuring cell similarity compared to linear distance in the measurement space.

The autoencoder component of ImageAEOT also enables interpretation of different directions in the feature space, namely by adding small perturbations to cell features and comparing the corresponding single-cell images in the original measurement space. This can be used to identify biomarkers of the fibroblast activation process by adding a perturbation along the linear discriminant function that distinguishes Day 1 from Day 4 fibroblasts. As shown in [Fig 2f](#pcbi.1007828.g002){ref-type="fig"}, the fibroblast activation process involves an increase in nuclear elongation and alterations in chromatin condensation patterns. Importantly, this analysis reveals that fibroblast subpopulations that are more elongated in Day 1 become more activated in Day 4 ([Fig 2g](#pcbi.1007828.g002){ref-type="fig"}), suggesting that ImageAEOT can identify subpopulations of fibroblasts in the heterogeneous tissue microenvironment that are primed for activation. This aligns well with known biology of fibroblast activation, where recent studies have shown that the activation process is accompanied by increased cytoskeletal to nuclear signaling, increased nuclear elongation, and alterations in chromatin condensation patterns to facilitate activation-related gene expression programs \[[@pcbi.1007828.ref031]--[@pcbi.1007828.ref033], [@pcbi.1007828.ref035]\]. A similar analysis was performed on the MCF7 nuclei during the activation process ([S3](#pcbi.1007828.s003){ref-type="supplementary-material"}, [S5](#pcbi.1007828.s005){ref-type="supplementary-material"} and [S6](#pcbi.1007828.s006){ref-type="supplementary-material"} Figs).

Application of ImageAEOT to breast cancer cell lines and tissues {#sec021}
----------------------------------------------------------------

Next, we applied ImageAEOT to model and visualize trajectories of nuclei progressing through various stages of breast cancer ([Fig 3a](#pcbi.1007828.g003){ref-type="fig"}). The dataset consists of 1284 nuclear images of HME-1 (normal breast epithelial) cells, MCF10A (fibrocystic epithelial) cells, MCF7 (metastatic breast cancer) cells, and MDA-MB231 (highly invasive metastatic breast cancer) cells. As described in the earlier sections, the first step of ImageAEOT involves learning a latent representation of the nuclear images that captures their low-dimensional structure ([Fig 3b](#pcbi.1007828.g003){ref-type="fig"}). The quality of the autoencoder is evidenced by accurate reconstruction, sampling, and classification results ([S7](#pcbi.1007828.s007){ref-type="supplementary-material"} and [S8](#pcbi.1007828.s008){ref-type="supplementary-material"} Figs). ImageAEOT was then used to back-trace the trajectories of nuclei from the highly invasive state (MDA-MB231) to normal breast epithelial state (HME-1) in the latent space ([Fig 3c](#pcbi.1007828.g003){ref-type="fig"}). Decoded to the image space, these trajectories yield predictions of how normal mammary epithelial HME-1 cell nuclei may progress through fibrocystic or metastatic stages of breast cancer ([Fig 3d](#pcbi.1007828.g003){ref-type="fig"}). We also analyzed the principal nuclear features that change between the various cell types by adding small perturbations to the latent representations and decoding them to the image space. This analysis shows that the principal features of the transition between MCF10A and MCF7 involve both alterations in nuclear morphology and chromatin condensation patterns ([Fig 3e and 3f](#pcbi.1007828.g003){ref-type="fig"}), while the transition between other pairs of cell types (HME-1-to-MCF10A and MCF7-to- MDA-MB231) are mainly characterized by nuclear morphological changes ([S9 Fig](#pcbi.1007828.s009){ref-type="supplementary-material"}).

![ImageAEOT applied to tracing cellular trajectories during breast cancer progression.\
(A) Schematic of breast cancer progression. Normal epithelial cells (HME-1) in the breast may become fibrocystic (MCF10A), develop into cancer cells (MCF7), and finally become highly invasive (MDA-MB231). (B) Visualization of nuclear images from four breast cell lines in both the original image space and the feature space using a Linear Discriminant Analysis (LDA) plot. The x-axis, y-axis, and z-axis are respectively the first, second and third linear discriminants applied to the data. HME-1: black; MCF10A: purple; MCF7: red; MDA-MB231: green. (C) Predicted trajectories in the feature space using optimal transport, shown on the same axes as in (B). ImageAEOT was used to trace the trajectories from HME-1 to MCF10A to MCF7 to MDA-MB231. (D) Predicted trajectories mapped back to the image space. Note that only the final image in each sequence is a real MDA-MB nucleus; the remaining images are predicted and generated by ImageAEOT. (E-F) Illustration of the principal features that change between MCF10A and MCF7, namely a combination of nuclear morphological and chromatin condensation features.](pcbi.1007828.g003){#pcbi.1007828.g003}

Finally, we applied ImageAEOT to model trajectories of nuclei in human breast tissues. The dataset consists of 840 nuclear images from normal breast epithelial tissue as well as breast cancer tissue. ImageAEOT learns a high-quality latent representation of these images ([Fig 4a](#pcbi.1007828.g004){ref-type="fig"}), indicated by our reconstruction and sampling results ([S10 Fig](#pcbi.1007828.s010){ref-type="supplementary-material"}). The trajectories of nuclei from normal to cancerous cells in the latent space are shown in [Fig 4b](#pcbi.1007828.g004){ref-type="fig"} and the decoded images in [Fig 4c](#pcbi.1007828.g004){ref-type="fig"}. Within the tissue microenvironment the principal features corresponding to the transition between normal and cancer cells involve both alterations in nuclear morphology and chromatin condensation patterns ([Fig 4d and 4e](#pcbi.1007828.g004){ref-type="fig"}). Our results are consistent with known biology of tumor progression, where alterations in nuclear morphological and chromatin condensation patterns have been shown to go hand-in-hand with the onset and progression of cancer \[[@pcbi.1007828.ref036]\]. Collectively, these results suggest that ImageAEOT can be applied to identify early physical biomarkers of cancer initiation and progression.

![ImageAEOT applied to tracing cellular trajectories in breast tissues.\
(A) Visualization of normal and cancer nuclear images from tissue in both the original image space and the feature space using a Linear Discriminant Analysis (LDA) plot. The x-axis shows the first linear discriminant applied to the data. (B) Predicted trajectories in the feature space using optimal transport, shown on the same axes as in (A). ImageAEOT was used to trace the trajectories from normal to cancer nuclei. (C) Predicted trajectories mapped back to the image space. Note that only the last image in each sequence is a real nucleus; the remaining images are predicted and generated by ImageAEOT. (D-E) Illustration of the principal features that change between normal and cancer nuclei, namely a combination of nuclear morphological and chromatin condensation features.](pcbi.1007828.g004){#pcbi.1007828.g004}

Discussion {#sec022}
==========

Understanding cell-state transitions during development or disease progression is a major challenge in modern biology and depends on lineage tracing \[[@pcbi.1007828.ref037]--[@pcbi.1007828.ref039]\]. However, in many settings, controlled time-course experiments are simply not feasible---for example, when working with tissue samples from patients---making it a challenge to model single-cell trajectories. ImageAEOT is a new computational approach for modeling cell trajectories from independent datasets, combining an autoencoder to map images to a latent space with optimal transport to predict cell trajectories. Previous methods have used optimal transport for the analysis of single-cell RNA-seq data during differentiation \[[@pcbi.1007828.ref014]\], but the use of an autoencoder is crucial when working with images to define a common coordinate system of the data. While existing applications of machine learning in biological imaging are mainly focused on supervised classification tasks \[[@pcbi.1007828.ref018]--[@pcbi.1007828.ref020]\], ImageAEOT demonstrates the promise of machine learning for building predictive models and identifying relevant features in an unsupervised manner.

Recent studies have revealed a strong coupling between cellular mechanical state, chromatin packing and the biochemical interaction networks within a cell \[[@pcbi.1007828.ref040]--[@pcbi.1007828.ref045]\]. We therefore used nuclear images as a functional read-out to analyze cell-state transitions within the heterogeneous tissue microenvironment. In particular, we applied ImageAEOT to analyze the process of fibroblast activation and cancer progression, demonstrating that ImageAEOT can be used to identify the most salient image features of a particular cell state change without having access to continuous time data. Collectively, our results provide a quantitative framework to analyze cellular transitions at time scales relevant for developmental and disease processes, thereby opening novel routes for the identification of early disease biomarkers from imaging data.

Supporting information {#sec023}
======================

###### 

\(a\) Co-culture experiment: Representative maximum intensity projected images of control MCF7 cells, control NIH3T3 cells and MCF7-NIH3T3 co-culture cells in 3D collagen gel from Day 1 to Day 4. EpCAM (green) is enriched in MCF7 cells, Vimentin (red) is enriched in NIH3T3 cells; the nuclei are also labelled using DAPI (blue). Each image acquired is 1024 x 1024 pixels in size. To obtain a larger field of view, multiple images were stitched together to create a large image, consisting of 4 images (2 x 2) for Day 3 and Day 4 in the control MCF7 condition and 9 images (3x3) in the control NIH3T3 and co-culture conditions. Scale bar: 100μm. (b) Image processing workflow: The raw 3D images labelled for DNA using DAPI, acquired using a laser scanning confocal microscope, are filtered using a Gaussian blur and thresholded using an automated global thresholding method such as otsu to binarize the image and identify nuclear regions. Watershed is used to separate closeby nuclei. The resulting binary image is then used to identify individual nuclei as a 3D objects within a size range of 200-1300μm3. Each nucleus identified as a separate 3D object is visualized with distinct colors. In order to smoothen any irregular boundaries, a 3D convex hull is constructed and then the individual nuclei are cropped along their bounding rectangles and stored. From this set, the blurred out of focus nuclei or over-exposed nuclei are filtered out and then the remaining nuclei are used for further analysis.

(TIF)

###### 

Click here for additional data file.

###### 

\(a\) Architecture of variational autoencoder. The encoder used for mapping images to the latent space is shown on the left. This encoder takes images as input and returns Gaussian parameters in the latent space that correspond to this image. The decoder used for mapping from the latent space back into the image space is shown on the right. (b) VoxNet architecture used in the classification tasks. The input images are of size 32 × 32 × 32. The notation r × Conv3D-k (3 × 3 × 3) means that there are r 3D convolutional layers (one feeds into the other) each with k filters of size 3 × 3 × 3. MaxPool3D(2 × 2 × 2) indicates a 3D max pooling layer with pooling size 2 × 2 × 2. FC-k indicates a fully connected layer with k neurons. Note that the PReLU activation function is used in every convolutional layer while ReLU activation functions are used in the fully connected layers. Finally, batch normalization is followed by every convolutional layer.

(TIF)

###### 

Click here for additional data file.

###### (a-c) Training the variational autoencoder on co-culture NIH3T3 nuclei; 218 random images out of 4160 total are held-out for validation, and the remaining images are used to train the autoencoder.

\(a\) Training and test loss curves of the variational autoencoder plotted over 1000 epochs. (b) Nuclear images generated from sampling random vectors in the latent space and mapping these to the image space. These random samples resemble nuclei, suggesting that the variational autoencoder learns the manifold of the image data. (c) Input and reconstructed images from Day 1 to Day 4 illustrating that the latent space captures the main visual features of the original images. (d-f) Hyperparameter tuning for the variational autoencoder over co-culture nuclei. (d-e) Training loss and test loss curves respectively for high, mid, or no regularization. (f, top row) Reconstruction results for each model. Models with no or mid-level regularization can reconstruct input images well, while models with high regularization do not. (f, bottom row) Sampling results for each model. Models with no regularization do not generate random samples as well as models with mid-level regularization, which suggests that the model with mid-level regularization best captures the manifold of nuclei images. (g-j) ImageAEOT applied to tracing trajectories of cancer cells in a co-culture system; 121 random images out of 2321 total are held-out for validation, and the remaining images are used to train the autoencoder. (g) Visualization of MCF7 nuclear images from Days 1-4 in both the image and latent space using an LDA plot. Note that the distributions of the data points in the LDA plot appear to coincide, suggesting that the MCF7 cells do not undergo drastic changes from Day 1 to 4. Day 1: black; Day 2: purple; Day 3: red; Day 4: green. (h) Predicted trajectories in the latent space using optimal transport. ImageAEOT was used to trace the trajectories of Day 1 MCF7 to Day 4 MCF7. Each black arrow is an example of a trajectory. (i) Visualization of the principal feature along the first linear discriminant. The nuclear images are of Day 1 MCF7 cells. The images below show the difference between the generated images along the first linear discriminant and the original image (blue: decrease in pixel intensity; red: increase in pixel intensity). These results suggest that MCF7 nuclei do not exhibit drastic changes other than a reduction of intensity. (j) Predicted trajectories mapped back to the image space. Note that only the first image in each sequence is a real Day 1 MCF7 nucleus; the remaining images are predicted and generated by ImageAEOT. Note that there are only small changes in the nuclei, other than a decrease in overall intensity.

(TIF)

###### 

Click here for additional data file.

###### (a-c) Pairwise classification of NIH3T3 cells from co-culture model in the latent space.

\(a\) Classification results in the latent space using a linear model. Top: training and test loss curves for each pairwise comparison (Day 1, Day 2, Day 3, Day 4). Middle: training and test accuracy curves for each pairwise comparison. Bottom: Table of best training (red) and test (green) accuracy for each classification task. (b) Same as (a) but using a two-layer feedforward neural network. (c) Training and validation dataset sizes for each of the classification tasks. (d-f) Pairwise classification of NIH3T3 cells from co-culture model using VoxNet. (d) Accuracy and (e) loss curves for each pairwise comparison (Day 1, Day 2, Day 3, Day 4). (f) Table of best training (red) and test (green) accuracy for each classification task. 4-way classification results for co-culture NIH3T3 nuclei. Training and test loss curves for 4-way classification task (Day 1, Day 2, Day 3, Day 4) of co-culture NIH3T3 nuclei in the latent space using a linear model (g) and 2-layer feedforward neural network (h). (i-j) Confusion matrices for the classification tasks in (g-h). Each entry (X/Y) in row "A" and column "B" indicates that X nuclei of class "A" were classified as "B" in the training set and Y nuclei of class "A" were classified as "B" in the test set. (k) Same as (h,j) but for the 4-way classification task in the original image space using a deep convolutional neural network.

(TIF)

###### 

Click here for additional data file.

###### (a-c) Pairwise classification of MCF7 cells from co-culture model.

\(a\) Classification results in the latent space using a linear model. Top: training and test loss curves for each pairwise comparison (Day 1, Day 2, Day 3, Day 4). Middle: training and test accuracy curves for each pairwise comparison. Bottom: Table of best training (red) and test (green) accuracy for each classification task. (b) Same as (a) but using a two-layer feedforward neural network. (c) Training and validation dataset sizes for each of the classification tasks. (d-f) Pairwise classification of MCF7 cells from co-culture model using VoxNet. (d) Accuracy and (e) loss curves for each pairwise comparison (Day 1, Day 2, Day 3, Day 4). (f) Table of best training (red) and test (green) accuracy for each classification task. 4-way classification results for co-culture MCF7 nuclei. (g-k) Training and test loss curves for 4-way classification task (Day 1, Day 2, Day 3, Day 4) of co-culture MCF7 nuclei using a linear model (g) and 2-layer feedforward neural network (h). (i-j) Confusion matrices for the classification tasks in (g-h). Each entry (X/Y) in row "A" and column "B" indicates that X nuclei of class "A" were classified as "B" in the training set and Y nuclei of class "A" were classified as "B" in the test set. (k) Same as (h,j) but for the 4-way classification task in the original image space using a deep convolutional neural network.

(TIF)

###### 

Click here for additional data file.

###### Feature ablation tables for co-culture nuclei.

\(a\) Feature ablation table for logistic regression on NIH3T3 co-cultured cells. (b) Feature ablation table for logistic regression on MCF7 co-cultured cells.

(TIF)

###### 

Click here for additional data file.

###### 

(a-c) Training the variational autoencoder on various breast cell lines; 64 random images out of 1220 total are held-out for validation, and the remaining images are used to train the autoencoder (a) Training and test loss curves of variational autoencoder plotted over 1000 epochs. (b) Nuclear images generated from sampling random vectors in the latent space and mapped back to the image space. These random samples resemble real nuclei, suggesting that the variational autoencoder learns the image manifold. (c) Input and reconstructed images from different cell lines, illustrating that the latent space captures the main visual feature of the original images. (d-f) Hyperparameter tuning for variational autoencoder on breast cell lines. (d-e) Training loss and test loss curves respectively with high, mid, and no regularization. (f, top row) Reconstruction results for each model. Models with no or mid-level regularization can reconstruct input images well, while models with high regularization do not. (f, bottom row) Sampling results for each model. Models with no regularization do not generate random samples as well as models with mid-level regularization, which suggests that the model with mid-level regularization best captures the manifold of nuclear images.

(TIF)

###### 

Click here for additional data file.

###### (a-b) Pairwise classification of nuclei from breast cell lines in the latent space.

\(a\) Classification results in the latent space using a linear model. Top: training and test loss curves for each pairwise comparison (HME1, MCF10A, MCF7, MDA-MB231). Middle: training and test accuracy curves for each pairwise comparison. Bottom: Table of best training (red) and test (green) accuracy for each classification task. (b) Same as (a) but using a two-layer feedforward neural network. For all tasks, the sizes of the training and validation datasets were 550 and 60 respectively. (c-e) Pairwise classification of nuclei from breast cell lines using VoxNet. (c) Accuracy and (d) loss curves for each pairwise comparison (HME1, MCF10A, MCF7, MDA-MB231). (e) Table of best training (red) and test (green) accuracy for each classification task. (f-k) 4-way classification results for nuclei from breast cell lines. Training and test loss curves for 4-way classification task of HME-1, MCF10A, MCF7 and MDA-MB231 nuclei using a linear model (f) and 2-layer feedforward neural network (g). (h-i) Confusion matrices for the classification tasks in (f-g). Each entry (X/Y) in row "A" and column "B" indicates that X nuclei of class "A" were classified as "B" in the training set and Y nuclei of class "A" were classified as "B" in the test set. (j-k) Same as (g,i) but for the 4-way classification task in the original image space using a deep convolutional neural network.

(TIF)

###### 

Click here for additional data file.

###### Principal features of change between cell lines.

\(a\) Left: real MCF10A nuclear images. Right: heatmap of changes in pixel intensity of MCF10A nuclei after modulation along the first linear discriminant towards HME-1 nuclei. (b) Left: real MCF7 nuclear images. Right: heatmap of changes in pixel intensity of MFC-7 nuclei after modulation along the first linear discriminant towards MDA-MB231 nuclei. (c) Left: real HME-1 nuclear images. Right: heatmap of changes in pixel intensity of HME-1 nuclei after modulation along the first linear discriminant towards MCF10A nuclei. (d) Left: real MDA-MB231 nuclei images. Right: heatmap of changes in pixel intensity of MDA-MB231 nuclei after modulation along the first linear discriminant towards MCF7 nuclei. (e) Logistic regression and feature ablation table on the 4 breast cell lines.

(TIF)

###### 

Click here for additional data file.

###### 

Hyperparameter tuning for variational autoencoder applied to human breast tissues; 42 random images out of 798 total are held-out for validation, and the remaining images are used to train the autoencoder (a-b) Training loss and test loss curves respectively with high, mid, and no regularization. (c, top row) Reconstruction results for each model. Models with no or mid-level regularization can reconstruct input images well, while models with high regularization do not. (c, bottom row) Sampling results for each model. Models with no regularization do not generate random samples as well as models with mid-level regularization, suggesting that the model with mid-level regularization best captures the image manifold.

(TIF)

###### 

Click here for additional data file.

###### Comparison of ImageAEOT using a standard autoencoder (AE+OT) and an augmented autoencoder (augAE+OT) against Waddington-OT (OT, PCA+OT) on the proposed benchmark task.

The evaluation metric shown is the area under the receiver operating characteristic curve (ROC-AUC) of the inferred probabilistic labels (score between 0 and 1, higher is better). ImageAEOT achieves considerable quantitative gains over the baseline. Morphology (Ecc) and Morphology (Roundness) refer to eccentricity and roundness of the cell; these labels were obtained using the Mahotas package.

(TIF)

###### 

Click here for additional data file.

###### Distributions of a principal feature of the cells (i.e. the first linear discriminant shown in x-axis of [Fig 2C and 2D](#pcbi.1007828.g002){ref-type="fig"}) from Day 1-4 are shown in the four box plots, overlaying the predicted distributions of the cells between Days 1 and Day 4 using ImageAEOT.

For the predicted distributions, the line separating pink and green is the median; the lines separating green from purple and red from purple denote respectively the first and third quartiles; the blue extends to 1.5 times the interquartile range. The box-plots of the observed experimental distributions are overlaid on top. Note that the distributions of the predicted trajectories coincide with the true distributions, even though only Day 1 and Day 4 NIH3T3 nuclei were used to trace the trajectories.

(TIF)

###### 

Click here for additional data file.
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